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A Study on the Short-term Load Forecasting using Support Vector Machine

MEE CRRW BEXB -EXR
(Nam-Hoon Jo + Kyung-Bin Song * Youngsu Roh - Daeseung Kang)

Abstract - Support Vector Machine(SVM), of which the foundations have been developed by Vapnik (1995), is gaining
popularity thanks to many attractive features and promising empirical performance. In this paper, we propose a new
short-term load forecasting technique based on SVM. We discuss the input vector selection of SVM for load forecasting
and analyze the prediction performance for various SVM parameters such as kernel function, cost coefficient C, and ¢
(the width of & -tube). The computer simulation shows that the prediction performance of the proposed method is

superior to that of the conventional neural networks.
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